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Abstract
Real-time prediction of traffic flow values in a short period of time is an important
element in building a traffic management system. The uncertainty, complexity and
nonlinearity of traffic flow data make it difficult to predict traffic flow in real time,
and the accurate traffic flow prediction has been an urgent problem in the industry.
Based on the research of scholars, a traffic flow prediction model based on the
correlation vector machine method is constructed. The prediction accuracy of the
correlation vector machine is better than that of the logistic regression and support
vector machine methods, and the correlation vector machine method has the function of generating prediction error range for the actual traffic sequence data. The
prediction results are very satisfactory, and the prediction speed is significantly
faster than the other two models, which meets the requirement of real-time traffic
flow prediction and is suitable for real-time online prediction, and the prediction
accuracy of the used method is relatively high. The three-way comparison analysis shows that the traffic flow prediction by the correlation vector machine method
can describe the nonlinear characteristics of traffic flow change more accurately,
and the model performance and real-time performance are better. The case study
shows that the traffic flow prediction model based on the correlation vector machine can improve the speed and accuracy of prediction, which is very suitable
for traffic flow prediction estimation with real-time requirements, and provides a
scientific method for real-time traffic flow measurement.

1

Introduction

With the continuous economic development, urbanization has accelerated, resulting in the continuous increase of traffic flow and congestion in the city, so intelligent transportation systems, which
can effectively solve traffic problems, have emerged and are gaining attention [1–3]. The core of
this system is how to accurately predict the traffic flow values that change from time to time, and
the prediction results will directly affect the traffic planning and control problems [4–6]. The most
obvious characteristic of traffic flow prediction is its short time, which is more susceptible to random
factors than long-term prediction, and therefore has more obvious uncertainty and irregularity [2, 7].
In response to the above problems, many scholars began to study the traffic flow prediction problem.
At present, the main methods used are: time series model, linear regression model, Kalman filter
model, neural network model and learning algorithm support vector machine model [8–15]. Time
series model mainly uses the linear characteristics of the data to predict the future data, the core lies
in the use of linear characteristics, but it is difficult to accurately describe the traffic flow data with
non-linear characteristics, the accuracy of prediction is biased; linear regression model mainly uses
multiple linear regression model to analyze the traffic flow values, in the case of sufficient data, can
be more traffic data values for faster prediction [16–18]. However, there are some disadvantages.
The Kalman filter model is also a linear regression method, which is based on the further improvement of the multiple linear regression method, and can select the prediction factors according to the
actual situation, and the prediction accuracy is improved compared with the multiple linear regression. The neural network algorithm is mainly based on the processing of risk, that is, minimizing
Preprint.

the empirical risk in prediction, but does not minimize the expected risk, so there are certain shortcomings, and the method requires some network structure, local minima, over-learning, etc., and the
neural network needs to be based on a large number of The neural network requires a large number
of training samples for data prediction. Support vector machine is a machine learning method and
has been widely used. It solves the problems of overfitting, local minima and slow convergence
in neural network algorithms, and is a new prediction method for traffic flow prediction. The relevance vector machine (RVM) is a new method based on the support vector machine, and has some
characteristics, such as fewer relevance vectors and high sparsity compared with the support vector;
using only the kernel parameters, the training time of the sample can be compressed; and the kernel
function is not single, with a variety of selection space. The kernel function is not homogeneous and
has multiple choice spaces. Therefore, in order to improve the accuracy of the traffic flow prediction
method and reflect the real-time, this paper proposes a correlation vector machine based method for
traffic flow prediction, and uses the method to conduct an example analysis to verify the prediction
performance of the method.

2
2.1

Traffic Flow Prediction
Analysis of Traffic Flow Characteristics

Traffic flow is the sum of the number of vehicles that pass through a given road segment in a given
unit of time. Traffic flow is characterized by uncertainty, real-time variability and high non-linearity.
Considering the above characteristics, and the traffic flow on a certain road section, a certain time
period and the traffic flow of the previous periods have a certain relationship, you can use the traffic
flow data series of the previous periods to predict the traffic flow of a short period in the future, that
is, based on historical traffic flow data and existing data, the application of some mathematical and
statistical knowledge to build a prediction model. The traffic volume of a certain period of time in the
future is predicted numerically. Let the traffic flow in the first t time periods be: X1 , X2 , . . . , Xt ,
then the next time unit The traffic flow at the next time unit Xt+1 can be described as: Xt+1 =
f (X1 , X2 , . . . , Xt ).
2.2

Preprocessing of Sample Data

In the data training of the correlation vector machine model, if the data used in the training process
has a large variability, it will slow down the learning speed of the model. In the training of the
correlation vector machine model, if the data used in the training process has a large variability, it
will slow down the learning speed of the model, which will affect the real-time prediction of the
data. In order to speed up the training speed and convergence of the samples, it is necessary to
make the initial traffic data collection In order to speed up the training speed and convergence of the
samples, the initial traffic samples need to be further processed to improve the prediction speed and
accuracy of the correlation vector machine model. In this paper In this paper, the traffic flow data is
further processed by normalization method:
x̂(i) =

x(i) − xmin
xmax − xmin

(1)

where x̂(i) is the result of normalizing the data, xmax and xmin are the maximum and minimum
values of the traffic data, respectively.
2.3

Construction of Prediction Model

The correlation vector machine is constructed based on the support vector machine, which is a new
machine learning method based on Bayesian learning theory. The traffic flow observations of equal
intervals in the same time period are represented as a time series S, S = [s1 , s2 , ..., si , ..., sM ], assuming a highly nonlinear relationship between observation si and observations si−1 , si−2 , ..., si −r
(the r observations before si ), the relationship can be expressed as follows:
si = ξ (si−1 , si−2 , · · · , si+ ) , i = r + 1, r + 2, · · · , M

(2)

The above equation is based on the time series S of traffic flow data, and the sample set for traffic
N
flow prediction in this paper is constructed as {Xi , ti }i = 1 where Xi = [si , si+1 , · · · , si+r−1 ],
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T is the input sample for traffic prediction, ti = si + r is the output sample for traffic prediction,
N = M − r is the number of selected training samples.
N

Set the input target set as {Xn , tn }i = 1, where t is assumed to obey the independent distribution of
Gaussian distribution function with expectation 0 and variance σ 2 . As in the support vector machine,
in the correlation vector machine, for a certain traffic flow training sample set {xi , ti } Ni = 1 and
assuming that the target The same prediction function as the support vector machine method is used
here. Then the prediction equation of the correlation vector machine can be expressed as:
Y (X; W ) =

N
X

Wi K (X, Xi )

(3)

i=1

where K(X, Xi ) is the radial basis function (RBF) and Wi is the regression coefficient. The construction of kernel function is mainly chosen The kernel function is a polynomial function obtained
by combining a Gaussian function with a binomial function. When the output sets are independent
of each other, the likelihood function of the whole sample set can be can be expressed as



 
N/2
1
2
2
kt − ΦW k
(4)
p t | W, σ = 2πσ
exp
2σ 2
T

where W = [W1 , W2 , W3 , · · · WN ] and Φ = φi (X)n is an N × N matrix with φi (Xn ) =
K (Xn , xi ). The prior distribution of Wi satisfies a Gaussian distribution with 0 as the mean and
αi−1 as the variance, denoted as
p(W | α) =

N
Y

i=0
T



N Wi | 0, αi−1

(5)

where α = [α0 , α1 , · · · αN ] is denoted as the hyperparameter and αi has the corresponding weight
Wi . After defining the prior probability distribution and the likelihood distribution, the mathematical
expression of the posterior distribution of the weight vector W + i by Bayes’ principle is expressed
as follows:
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  = p(t|W,σ )p(W,α)
p(t|α,σ 2 )
p t | W, α, σ 2 =
(6)
 = (2π)−(N +1)/2 |Σ|+/2 exp − 1 (W − m)T Σ−1 (W − m) 
2

−1
where m = σ −2 ΣΦT t, Σ = σ −2 ΦT Φ + A
, and A = diag (α1 , α2 , · · · , αN ). The maximum
likelihood function is obtained by using the integrated weights as follows:
(
)

R


= p t | W, σ 2 p(W | α)dW
2
(7)
p t | α, σ =
= (2π)−v/2 |C|−1/2 exp 21 tT C −1 t
where the covariance can be expressed as C = σ 2 I + ΦA−1 ΦT . Taking the partial derivatives of α
and σ 2 , respectively, and making the partial derivatives equal to 0, we obtain:
 nev
γi
kt − Φmk
(8)
αineis = 2
σ2
=
mi
N − Σi γ i

where mi is the i-th element, γi = 1 − αi Σii , and Σii is the i-th diagonal element of matrix Σ.

The correlation vector machine continuously changes the values of m and Σ during the cyclic computation until the convergence requirement or the maximum number of iterations is reached. That
is, in the internal cycle of the model In the internal loop of the model, most of the weights converge
to zero, so that the terms of the kernel function matrix are not involved in the actual traffic prediction
calculation to a large extent.

3

Case Studies

In order to verify the real-time performance and prediction accuracy of the RVM model, the traffic
flow data of a detector on a road section in a city is used for comparison and validation. The detection
3

period of the traffic data is 5 min. 5 samples of different time periods are used, and a total of 360
detections are made. The traffic flow data is predicted at one interval (5 min) in advance. The data
are pre-processed before modeling, and the simulation program is prepared with MATLAB software
to select reasonable parameters. Table 1 shows the evaluation results compared with other methods.
Because the correlation vector machine is a nonlinear prediction capability model, it can basically
characterize the traffic flow variation law, and the RVM prediction results can better describe the
nonlinear variation law of traffic flow. The prediction results can better describe the nonlinear variation law of traffic flow, and the prediction error can be reduced, and the prediction accuracy can
be improved in real time. The prediction error is reduced, the prediction accuracy is improved in
real time, and the accuracy is increased. In order to verify the accuracy and reliability of the RVM
method, the prediction results of three methods, namely, logistic regression, support vector machine
and correlation vector machine, are compared and analyzed. The prediction results of logistic regression, support vector machine and correlation vector machine are compared and analyzed as shown
in Table 1.
Table 1: Comparison of the computational effort of different models
Model

Training Time (min)

Testing Time (min)

Accuracy

Logistic Regression
Support Vector Machine
Relevance Vector Machine

0.02
0.02
0.18

18.06
2.46
0.37

0.008
0.050
0.049

From the comparison parameters of the three types of methods in Table 1, it can be seen that the
real-time traffic flow prediction of logistic regression and support vector machine is significantly
higher than that of the correlation vector machine. The prediction accuracy of the correlation vector
machine is better than the other two methods. The prediction accuracy of the correlation vector
machine is better than the other two methods, and the correlation vector machine method has the
function of generating the prediction error range. The correlation vector machine method has the
ability to generate a prediction error range. For this set of actual traffic sequences, the proposed
RVM-based traffic flow prediction model has the ability to generate a range of prediction errors.
RVM-based traffic flow prediction model outperforms the logistic regression model and support
vector machine in terms of overall prediction performance. The combined prediction performance
of the RVM-based traffic prediction model is better than that of the logistic regression model and
the support vector machine model. The prediction results are very satisfactory, and the prediction
speed is significantly faster than the other two models. The prediction speed is significantly faster
than the other two models, which can achieve the requirement of real-time traffic flow prediction.
It is suitable for real-time online forecasting. Meanwhile, the prediction accuracy results in Table 1
show that the method used in this paper is very good. The comparative analysis of the three methods
shows that the prediction of traffic flow using the correlation vector machine method is relatively accurate. The comparative analysis of the three methods shows that the traffic flow prediction using the
correlation vector machine method can describe the nonlinear characteristics of traffic flow change
more accurately, and the model performance and real-time performance are better, which is a more
reliable method for traffic flow prediction. The model performance and real-time performance are
better, and it is a more reliable method for traffic flow prediction. In summary, the correlation vector
machine provides a traffic flow forecasting tool with high accuracy and good real-time performance.
The correlation vector machine provides an accurate and real-time traffic forecasting tool.

4

Conclusions

In this paper, we propose a traffic flow prediction model based on RVM based on the special characteristics of traffic flow data. The RVM method solves the problems of long prediction time and poor
generalization ability of neural network, and demonstrates its powerful small sample processing
ability. The results of real-world data validation show that the traffic prediction by using the correlation vector machine The results of real-world data validation show that the prediction efficiency,
accuracy and real-time performance are improved by using the correlation vector machine method
to predict traffic flow. The comparison with other models shows that RVM is an effective traffic
flow forecasting method with certain advantages in terms of prediction accuracy and time. RVM
4

can output both predicted values and variance of predicted values, which is very suitable for traffic
flow prediction estimation with real-time requirements. The RVM can output both forecast values
and forecast variances, which is very suitable for traffic flow estimation with real-time requirements.
In the next step, we can consider combining the correlation vector machine method with other methods. In the next step, we can consider combining the correlation vector machine method with other
methods, i.e., building a combined prediction model based on the correlation vector machine, so that
the prediction accuracy is higher and the prediction validity is more detailed. The research field of
traffic flow prediction can be expanded in the comparison of continuous research.
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